The objective of the study was to define the specific plasma protein signature that predicts the increase of the inflammation marker C-reactive protein from index day to next-day using proteome analysis and novel bioinformatics tools. We performed a prospective study of 91 incident kidney transplant recipients and quantified 359 plasma proteins simultaneously using nano-LiquidChromatography-Tandem Mass-Spectrometry in individual samples and plasma C-reactive protein on the index day and the next day. Next-day C-reactive protein increased in 59 patients whereas it decreased in 32 patients. The prediction model selected and validated 82 plasma proteins which determined increased next-day C-reactive protein (area under receiver-operator-characteristics curve, 0.772; 95% confidence interval, 0.669 to 0.876; P < 0.0001). Multivariable logistic regression showed that 82-plex protein signature (P < 0.001) was associated with observed increased next-day C-reactive protein. The 82-plex protein signature outperformed routine clinical procedures. The category-free net reclassification index improved with 82-plex plasma protein signature (total net reclassification index, 88.3%). Using the 82-plex plasma protein signature increased net reclassification index with a clinical meaningful 10% increase of risk mainly by the improvement of reclassification of subjects in the event group. An 82-plex plasma protein signature predicts an increase of the inflammatory marker C-reactive protein.
Sample preparation. We investigated whether a specific plasma protein signature can predict the increase of the inflammation marker C-reactive protein from index day to next-day in patients after Table 1 . Clinical characteristics of incident kidney transplant recipients and allografts. Data are shown for all patients and according to increased and non-increased next-day C-reactive protein (CRP) concentration. Continuous data are presented as median (interquartile range). Categorical data are presented as numbers (percent). Groups containing continuous date were compared using Mann-Whitney test, whereas groups containing categorical data were compared using Fisher's exact text.
a Normal reference C-reactive protein levels are less than 6 mg/L. kidney transplantation. The samples of the index day were taken during hospitalization at a median of 1 day (IQR, 1 to 2) after incident renal transplantation. Patients were asymptomatic after transplantation. Neither fever nor septicemia was observed at the time plasma samples were observed in the patients after transplantation. Plasma proteome was performed at dayX using nano-LC-MSMS. In addition, C-reactive protein levels were measured at dayX and at dayX + 1 using an immune-assay. The term "dayX + 1" is called "next-day C-reactive protein" Plasma samples were diluted 10-fold with phosphate-buffered saline followed by the determination of the protein concentration using the Pierce BCA protein assay kit (Thermo Scientific, Sunnyvale, CA, USA). Plasma proteins were precipitated by adding a volume equivalent to 100 μ g protein (approximately 15 μ L) and diluting with 500 μ L ice cold acetone followed by incubation at − 20 °C for 1 hour and centrifugation (20.000g, 4 °C, 10 minutes). The supernatant was discarded and the remaining protein pellet was re-dissolved by the addition of 100 μ L digestion buffer (0.5 M TEAB). Proteins were then reduced by adding dithiotretiol to a final concentration of 5 mmol/L followed by incubation at 50 °C for 30 minutes. The reduced sulfhydryl groups were then blocked by the addition of iodoacetamide to a final concentration of 15 mmol/L and incubation at room temperature in darkness for 30 min. Tryptic digestion was performed by the addition of trypsin (Promega, Madison, WI, USA). The protein-to-trypsin-ratio was 50 to 1 (w/w).
Stable isotop labeling of plasma samples with isobaric tags for relative and absolute quantitation (iTRAQ). A 5 μ g fraction of the tryptic digest were collected from the samples for labeling with the four-plex iTRAQ kit (AB SCIEX, Framingham, MA, USA). The content of each iTRAQ reagent vial was diluted in ethanol delivered with the iTRAQ kit and one twentieth of each reagent vial was used to label a 5 μ g fraction of a plasma sample. The labeling of the plasma samples was done as follows: iTRAQ reagent 114, laboratory control plasma sample, containing pooled plasma from 100 healthy individuals; iTRAQ reagent 115, pool of all 91 patient samples; iTRAQ reagent 116 and 117, individual patient samples. The labeled samples were pooled in equal ratios, i.e. every sample set contained two patient samples, a pool of all patient samples and a healthy control sample. The samples were dried in a vacuum centrifuge and re-dissolved in 50 μ L of a 0.1% trifluoroacetic acid solution, purified using microcolumn packed with reversed phased material, containing equal w/w amounts of Poros R2 and Oligo R3 material. Bound peptides were eluted with 16 μ L hydrophilic interaction chromatography buffer A, containing 90% acetonitrile and 0.1% TFA.
Fractionation of samples by hydrophilic interaction chromatography (HILIC).
The resulting peptide mixtures (91 patient samples) were further fractionated using HILIC (hydrophilic interaction liquid interaction chromatography) using the fraction collection option of the Thermo/Dionex Ultimate 3000 nano/capillary HPLC system (Thermo Scientific, Sunnyvale, CA, USA). Briefly, the peptide samples were loaded onto a custom made HILIC column packed with TSKgel Amide-80 column material (3 μ m bead size, 10 cm length, 300 μ m ID, Tosoh Bioscience LLC, PA, USA) with a flow of 12 μ L per minute of 90% buffer B (100% ACN and 0.1% TFA) and 10% buffer A (0.1% TFA) for 8.6 minutes followed by a decrease in the flow from 12 μ L per minute to 6 μ L per minute over 0.4 minutes. The gradient applied for peptide fractionation was as follows: 0 to 8.6 minutes (90% B); 8.6 to 9.0 minutes (90 to 85.5% B); 9 to 35 minutes (85.5 to 54% B); 35 to 39 minutes (54-10% B); 39 to 42 minutes (10% B); 42 to 43 minutes (10 to 90% B); 43 to 48 minutes (90% B). Fractions were collected every other minute from the 6th to the 22nd minute followed by the collection of a fraction from the 22nd to the 28th minute.
Nano-liquid-chromatography-tandem-mass-spectrometry (nano-LC-MSMS).
The collected fractions were analyzed by nano-Liquid-Chromatography-Tandem-Mass-Spectrometry (nano-LC-MSMS) analysis using a Dionex Ultimate 3000 nano HPLC coupled to a Thermo Scientific Orbitrap Q-Exactive mass spectrometer (Thermo Scientific, Bremen, Germany). Briefly, the samples (5 μ L) were loaded onto a custom made fused capillary pre-column (2 cm length, 360 μ m OD, 75 μ m ID) with a flow of 5 μ L per minutes for 7 minutes. Trapped peptides were separated on a custom made fused capillary column (20 cm length, 360 μ m outer diameter, 75 μ m inner diameter) packed with ReproSil Pur C18 3-μ m resin (Dr. Maish, Ammerbuch-Entringen, Germany) with a flow of 250 nL per minute using a linear gradient from 95% solution A (0.1% formicacid) to 30% B (100% Acetonitrile in 0.1% formicacid) over 33 minutes or 54 minutes followed by 6 minutes at 90% B and 5 minutes at 98% A. Mass spectra were acquired in positive ion mode applying automatic data-dependent switch between one Orbitrap survey MS scan in the mass range of 400 to 1500 m/z followed by HCD fragmentation and Orbitrap detection of the ten or twelve most intense ions observed in the MS scan. Target value in the Orbitrap for MS scan was 1,000,000 ions at a resolution of 70,000 at m/z 200. Fragmentation in the HCD cell was performed at normalized collision energy of 30 eV. Ion selection threshold was set to 25,000 to 160,000 counts. Selected sequenced ions were dynamically excluded for 45 seconds.
Processing of proteome data and protein quantification. A combined MASCOT-SEQUEST search was performed where peak lists (mgf files) were processed using the Proteome Discoverer 1.4, version 1.4.0.288. The search parameters were set to: MS accuracy 10 ppm, MSMS accuracy 0.1 Da for HCD data, with two missed cleavages allowed, fixed modification of cystein blocked with carbamidomethyl, Continued lysine and N-terminal iTRAQ, and variable modifications; methionine oxidation, and deamidated asparagines. Tandem mass spectra were searched against the Swissprot database restricted to humans downloaded October 2012 from http://www.ebi.ac.uk. Proteins were inferred on a basis of at least two unique peptides identified with a high confidence. False discovery rates were obtained using Percolator selecting identification with a q-value equal or less than 0.01. iTRAQ quantification was performed using Proteome Discoverer with reporter ion area integration within a 20 ppm window. Ratios were normalized against the median peptide ratio. The data used for statistical analysis were ratios of diseased individuals (reporter ions 116 and 117) versus the plasma control (reporter ion 114: pool of healthy individuals). The ratios of 115 vs. 114 were used as a measure for the technical variability of the method that was calculated to be less than 10%.
Measurement of C-reactive protein concentrations.
The immune-assay based plasma C-reactive protein quantification was routinely conducted at the index day and the next-day on an Architect C8000/ c16000 system (Abbot Diagnostics, IL, USA) using the C-reactive protein Vario kit (reference number: 6K26-30/6K26-41, SENTINEL, CH. SPA) in the concentration range from 0.2 to 480 mg/L. The coefficient of variation of the method was less than 6 percent. Data analysis and statistics. Continuous data are presented as median and interquartile range (IQR). We stratified the cohort into groups with increased and non-increased next-day C-reactive protein levels. The data distribution was tested using Kolmogorof-Smirnov test. Non-parametric Mann-Whitney test was used to detect differences between the groups. Frequency counts were calculated for categorical data. Differences in these categorical variables between the groups were analyzed by Fisher's exact text. Associations between variables were determined using non-parametric Spearman correlation. We performed receiver operating characteristic (ROC) curve analysis for this prediction model for increased next-day C-reactive protein.
Univariable and multivariable logistic regression analyses for observed increased next-day C-reactive protein in incident kidney transplant recipients were performed, testing for 82-plex protein signature, donor age, donor gender, donor status, recipient age, recipient gender, duration of dialysis before transplantation, use of methylprednisolon, and C-reactive protein level at the same day. Multivariable models were constructed with backward variable selection, using P < 0.05 for variable retention.
Model development and cross validation. We followed the strategy of PAM (Prediction Analysis of Microarray at http://statweb.stanford.edu/~tibs/PAM/) for building our prediction model using support vector machines (SVMs). A SVM is a supervised machine learning model that, with its associated learning algorithm, maps samples in space such that samples of separate categories are divided as wide as possible. We used the "radial" kernel, the default kernel of the R package e1071 for SVM. Our Patients with better risk prediction as judged by observed outcome are indicated. (C) Category-free Net Reclassification Index (cfNRI) for total subjects (asterixes), subjects with events (filled circles) and subjects with no-events (open circles) as calculated according to the change of risk prediction (threshold value).
The addition of the 82-plex protein signature increases the reclassification of the total group of subjects, i.e. reclassification of subjects in the event group to higher risk and reclassification of subjects in the no event group to lower risk. The graph indicates that an increased Net Reclassification Index at a clinical meaningful increase of risk by 10% is mainly driven by the improvement of reclassification of subjects in the event group.
classification process uses a double-cross-validation scheme. The internal loop is to train an optimal prediction model for use in the outer loop. We stick to the default kernel with consideration of generalization of the prediction model. In fact, we experimented with other kernels during model fitting and found that the default "radial" kernel gave the best performance. SVM was used for the prediction of next-day increase of C-reactive protein.
We calculated Pearson correlation coefficients for plasma protein concentrations of each protein with changes of next-day C-reactive protein in all 91 patients for use of feature or protein selection in the model building process. Similar to PAM, our feature selection was done by recursively shrinking correlation smaller than a predefined threshold to zero and using the remaining subset of proteins for prediction model building. The threshold that corresponds to the lowest prediction error was taken as the optimal cut-off for defining the final sub-set of proteins for training the classification model using the support vector machine. Performance of the classification model was assessed by leave-one-out cross validation (LOOCV). LOOCV used a single sample from the original 91 patients as the validation data, and the remaining 90 observations as the training data. This was repeated such that each of the 91 patients was used once as the validation data. Based on the prediction result for each patient by LOOCV, we calculated the proportion of patients whose next-day C-reactive protein levels were correctly predicted as increased (sensitivity) or as non-increased (specificity). The overall mean accuracy of the prediction model was calculated as the proportion of all correct predictions. C-reactive protein levels at the same day were not included in the prediction model.
Integrated discrimination improvement (IDI) and net reclassification improvement (NRI). The integrated discrimination improvement (IDI) and net reclassification improvement (NRI),
have been rapidly adopted to quantify the added value of a biomarker to an existing test [11] [12] [13] . To assess the independent predictive ability of the 82-plex plasma protein signature relative to specified predictors of increasing C-reactive protein, i.e. donor age, multivariable logistic regression modeling was used without and with 82-plex plasma protein signature.
The category-free net reclassification index (cfNRI) and integrated discrimination index (IDI) were calculated to assess the incremental predictive ability of the 82-plex plasma protein signature. The cfNRI considers whether each individual moves up (to higher) or down (to lower) in individual calculated risk [11] [12] [13] . The integrated discrimination index (IDI) was used to quantify the actual change in calculated risk for each individual for those with and those without events [11] [12] [13] . For calculating category-free net reclassification index (cfNRI) we used the following equations:
For patients with events improved reclassification was the difference between the percentage of patients who were reclassified as being at higher risk and the percentage of patients who were reclassified to lower risk. cfNRIevents = (number events with increased predicted risk after addition of the 82-plex plasma protein signature to the model/number events) minus (number events with decreased predicted risk after addition of the 82-plex plasma protein signature to the model/number events).
For patients without events, improved reclassification was the difference between the percentage of patients who were reclassified to lower risk and the percentage of patients who were reclassified to higher risk.
cfNRIno-events = (number no-events with decreased predicted risk after addition of the 82-plex plasma protein signature to the model/number no-events) minus (number no-events with increased predicted risk after addition of the 82-plex plasma protein signature to the model/number no-events).
The total cfNRI was the sum of correct reclassification among patients with and without event:
Total cfNRI = cfNRIevents + cfNRIno-events
The maximum total cfNRI is 200% (predicted risks for all subjects with events are increased, and all subjects without events are decreased). IDIevents = (Sum of propability of event after addition of the 82-plex plasma protein signature to the model/number events) minus (Sum of propability of event of predicted risk without addition of the 82-plex plasma protein signature to the model/number events).
IDIno-events = (Sum of propability of event without addition of the 82-plex plasma protein signature to the model/number no-events) minus (Sum of propability of event of predicted risk after addition of the 82-plex plasma protein signature to the model/number no-events).
The total IDI was the sum of correct reclassification among patients with and without event:
Total IDI = IDIevents + IDIno-events Data analysis was powered by the statistical package "R" (http://www.r-project.org/), GraphPad prism software (version 5.0, GraphPad Software, San Diego, CA, USA), and SPSS for windows (version 15.0; SPSS, Chicago, IL, USA). All statistical tests were two-sided. Two-sided P-values less than 0.05 were considered to indicate statistical significance.
Results
Patients characteristics and outcome. The proteome analysis was performed in 91 incident kidney transplant recipients. 53 transplant recipients were male (58%), and 38 were female (42%). Median age of recipients was 51 years (Interquartile range (IQR), 45 to 59 years). The cause of chronic kidney disease was diabetic nephropathy in 13 cases (14%), hypertensive nephropathy in 9 cases (10%), chronic glomerulonephritis in 32 cases (35%), polycystic kidney disease in 17 cases (19%), and other/unknown in 20 cases (22%). The number of patients with second or more transplants was 15 (16%). Median time on dialysis before transplantation was 12 months (IQR, 1 to 50 months). 20 patients (22%) were smokers, 69 patients (76%) had hypertension, and 12 patients (13%) had a history of cardiovascular events. 51 patients (56%) received kidneys from living donors, and 40 patients (44%) from deceased donors. All patients (100%) received calcineurin inhibitors and mycophenolate mofetil. 29 patients (32%) received methylprednisolone. The routinely measured median C-reactive protein was 35 mg/L (IQR, 16 to 67 mg/L). Normal reference values for C-reactive protein were less than 6 mg/L. In 59 patients nextday C-reactive protein increased by 46 mg/L (IQR, 25 to 82 mg/L) whereas in 32 patients it decreased by 5 mg/L (IQR, 21 to 3 mg/L). The clinical characteristics of patients and their allografts are shown in Table 1 . In univariable analyses, kidney transplant recipients who showed increased next-day C-reactive protein had higher donor age and shorter time on dialysis. Absolute C-reactive protein concentrations were not significantly different in patients with increased or non-increased next-day C-reactive protein (P = 0.329).
Plasma proteome predicts increased next-day C-reactive protein. Using nano-Liquid-
Chromatography-Tandem-Mass-Spectrometry (nano-LC-MSMS) we measured 359 plasma proteins simultaneously (Supplemental Table 1 ). To define a protein signature that predicted increased next-day C-reactive protein a support vector machine based prediction model using leave-one-out cross validation and recursive shrinkage was built. Figure 1A shows the prediction of increased next-day C-reactive protein obtained from 82-plex protein signature. The prediction model selected 82 plasma proteins which determined increased next-day C-reactive protein with a sensitivity of 81% and a specificity of 69%. The overall accuracy was 77%, i.e. 70 out of 91 patients were correctly predicted. The receiver-operator-characteristics curve for this prediction model is shown in Fig. 1B . The area under curve was 0.772 (95% confidence interval, 0.669 to 0.876; P < 0.0001. This area obtained from the 82-plex protein signature was higher than that obtained from each of 82 plasma proteins (Table 2 ). For comparison, neither hemoglobin concentrations (area under curve, 0.599; 95% confidence interval, 0.477 to 0.720; P = 0.121), nor lymphocyte counts (area under curve, 0.514; 95% confidence interval, 0.385 to 0.642; P = 0.832) predicted increased next-day C-reactive protein. We did not observe any association of the protein signature with recipient age (Spearman r = − 0.103), body mass index (Spearman r = 0.069), systolic blood pressure (Spearman r = 0.058), diastolic blood pressure (Spearman r = 0.102), hemoglobulin (Spearman r = 0.227), or leukocyte count (Spearman r = − 0.042).
Next we evaluated whether 82-plex protein signature was able to predict outcome and outperform routine clinical procedures. Incident kidney transplant recipients were discharged from the hospital at median 7.0 days (IQR, 6.0 to 8.0 days). It should be noted that median hospitalization was longer in patients with increased vs. non-increased next-day C-reactive protein (7 days; IQR, 6 to 10 days; vs. 5.5 days; IQR, 4.25 to 7 days; P = 0.0003). Receiver-operator-characteristics curves showed that increased next-day C-reactive protein determined by the 82-plex protein signature predicted longer hospitalization (area under curve, 0.706; 95% confidence interval, 0.599 to 0.812; P = 0.0007), whereas C-reactive protein determined at the same day was not predictive (area under curve, 0.517; 95% confidence interval, 0.397 to 0.637; P = 0.775; Fig. 1C ). These findings indicate that knowledge of the 82-plex protein signature was able to outperform routine clinical procedures and may improve patient care.
Univariable and multivariable logistic regression analyses for increased next-day C-reactive protein are given in Table 3 . Multivariable logistic regression showed that only 82-plex protein signature (P < 0.001) and older donor age (P = 0.003) were associated with observed increased next-day C-reactive protein.
To further describe the ability of 82-plex protein signature to risk-stratify patients beyond classical clinical risk prediction model, category-free net reclassification index (cfNRI) and integrated discrimination index (IDI) after addition of the 82-plex plasma protein signature to the model were calculated (Tables 4 and 5 ). The category-free net reclassification index provides a measure of the direction of change in reclassification that the 82-plex plasma protein signature adds to the clinical model, with results reported as proportions [11] [12] [13] . The integrated discrimination index provides information on both the direction and magnitude of mean change in predicted probabilities for events and nonevents when the 82-plex plasma protein signature was added to the clinical model [11] [12] [13] . The category-free net reclassification index improved with 82-plex plasma protein signature (total net reclassification index, 88.3%).
That was mainly due to an improvement in the event group by 69.5% (Table 4) . Furthermore, the integrated discrimination index showed an improvement by 0.3864 (95% CI, 0.3382 to 0.4345; Table 5 ). Figure 2 indicates that an increased net reclassification index at a clinical meaningful increase of risk by 10% is mainly driven by the improvement of reclassification of subjects in the event group.
As depicted in Supplemental Table 2 unadjusted Spearman correlation analyses of the 82 plasma proteins showed Spearman r values from minimum − 0.405 (for angiotensinogen) to maximum 0.395 (for Ig_lambda_chain_V_III_region_LOI). Importantly, the correlation obtained from the 82-plex protein signature (Spearman r = 0.475, 95% CI, 0.292 to 0.624, P < 0.0001) was higher than those obtained from each 82 plasma proteins.
Discussion
In our prospective study we present for the first time an 82-plex plasma protein signature that predicts the increase of the inflammatory marker C-reactive protein. The strength of the present study include the use of quantitative proteome analysis on individual samples as well as validation of the results using a support vector machine based prediction model using leave-one-out cross validation and recursive shrinkage. The novelty of our type of approach in plasma proteomics is to actually get it to work in a real-world routine after kidney transplantation. We also showed that the 82-plex plasma protein signature reclassified patients to a more appropriate level of risk using category-free net reclassification index and integrated discrimination index.
The present study indicated that quantitative plasma proteomics using nano-Liquid-ChromatographyTandem-Mass-Spectrometry identifies a 82-plex protein signature which predicts increased next-day C-reactive protein in incident kidney transplant recipients. The validity of the present study is strengthened by using complementary approaches: First, receiver-operator-characteristics curve confirmed a significant power of our prediction model building based on plasma proteomics. Second, multivariable logistic regression showed that only 82-plex protein signature (P < 0.001) and older donor age (P = 0.003) were associated with increased next-day C-reactive protein. That multivariable logistic regression analysis also confirmed that our cohort includes typical incident kidney transplant recipients because it confirmed earlier findings that older donor age is associated with an increased inflammatory response. De Fijter et al. showed that kidneys from older donors show increased immunogenicity 14 . This may induce several proinflammatory cytokines, contributing to a general stereotyped response to tissue injury 15, 16 . However, the demonstration of improved laboratory data impact and patient care after kidney transplantation by identification of the 82-plex protein signature using plasma proteomics is also novel for clinical routine.
Several biological mechanisms provide a plausible explanation for the causal role of the specific 82-plex protein signature and increased next-day C-reactive protein in incident kidney allograft recipients. Compared to C-reactive protein inflammatory stimuli may be detected earlier using proteomic measurements. Several cytokines causing increased C-reactive protein abundance showed increased levels after kidney transplantation. Cho et al. reported a 150 to 200 percent increase of several interleukins and tumor necrosis factor alpha during the postoperative days 17 . Because C-reactive protein levels start rising approximately 6 hours after an inflammatory stimulus, 1 we have chosen to identify a protein signature that predicts increased next-day C-reactive protein. Taking the rapid C-reactive protein kinetics into account, an increased next-day C-reactive protein obtained from proteome analysis defining the 82-plex protein signature represented the extent of the inflammatory stimulus. The 82-plex protein signature can be obtained at any time because it predicts increased next-day C-reactive protein but does not depend on absolute levels. Daily measurements of C-reactive protein have been introduced as a simple and sensitive method for detecting complications after renal transplantation in adult and pediatric transplant recipients 3, 18 . Daily C-reactive protein measurements have been shown to help identification of renal allograft dysfunctions of different origins. However, C-reactive protein is not a specific marker to indicate rejection or infection or ischemia after kidney transplantation. C-reactive protein cannot discriminate the underlying causes 17, 18 . In contrast, determination of increasing next-day C-reactive protein using the proteomic approach may superior to determination of same day C-reactive protein solely indicating upcoming inflammatory responses.
Is knowledge of the 82-plex protein signature superior to current methodology? 82-plex protein signature was also able to predict outcome and to outperform routine clinical procedures. The 82-plex protein signature predicted increased next-day C-reactive protein. We showed that increased next-day C-reactive protein determined by the 82-plex protein signature predicted longer hospitalization, whereas currently used measurement of C-reactive protein at the same day was not predictive. We observed the patients with increased next-day C-reactive protein showed longer hospitalization. This finding is probably due to the fact that an increasing C-reactive protein level indicates a complication after transplantation. Hence earlier detection using the proteomic approach would be beneficial. Studies in other diseases indicated that the knowledge of C-reactive protein development may also improve patient care. For example, a delayed normalization of C-reactive protein levels has been associated with a higher risk of having received inappropriate antibiotic treatment in patients with community-acquired pneumonia 19 . Repeated determinations of the C-reactive protein has been shown to be useful in the recognition of the individual clinical course, either improving or worsening, as well as the rate of improvement, in patients with severe community-acquired pneumonia 20 . Our study may indicate that quantitative proteome analysis of undepleted individual plasma samples may outperform simple measurements of single proteins. This development is parallel to a similar successful development is emerging concerning the use of multiplex tissue-RNA-profiling in the diagnosis and prognosis of cancer 21 . It is known that glucocorticoids affect the gene expression, for example they may up-regulate phosphoenol pyruvate carboxykinase involved in regulating gluconeogenesis or secretory leukocyte protease inhibitor and the type II interleukin-1 receptor, which may contribute to anti-inflammatory properties 22, 23 . However, in the present study, multivariable analyses showed that use of methylprednisolon did not affect observed increased next-day C-reactive protein in incident kidney transplant recipients.
A limitation of our study was that it was restricted to kidney transplant recipients. Further studies are needed to show whether the proteome signature may be predictive only in kidney patients or has wider applicability in predicting outcome hospitalization.
In summary, using quantitative plasma proteomics we determined an 82-plex plasma protein signature that is associated with an increase of the inflammatory marker C-reactive protein and thus give novel insights into the role of plasma proteome in the inflammatory response.
